A three-dimensional (3-D) arm movement model is presented to simulate kinematic properties and muscle forces in reaching arm movements. Healthy subjects performed reaching movements repetitively either with or without a load in the hand. Joint coordinates were measured. Muscle moment arms, 3-D angular acceleration, and moment of inertias of arm segments were calculated to determine 3-D joint torques. Variances of hand position, arm configuration, and muscle activities were calculated. Ratios of movement variances observed in the two conditions (load versus without load) showed no differences for hand position and arm configuration variances. Virtual muscle force variances for all muscles except deltoid posterior and EMG variances for four muscles increased significantly by moving with the load. The greatly increased variances in muscle activity did not imply equally high increments in kinematic variances. We conclude that enhanced muscle cooperation through synergies helps to stabilize movement at the kinematic level when a load is added.
Muscle activity patterns are requested to control limb movements for improvement of medical rehabilitation techniques, such as functional electrical stimulation (FES). Graphics-based computer models have been developed to discern motor activity patterns of musculoskeletal systems (Laczko et al., 1987 (Laczko et al., , 1988 . Recently, FES methods have been elaborated to control lower limb movements for paraplegic patients, for example, cycling (Szecsi et al., 2004; Pilissy et al., 2008; Szecsi et al., 2009) . However, in the case of hemiplegics (stroke patients) and tetraplegics, applying FES methods to stimulate groups of muscles to move the entire upper extremity is an even bigger challenge. Three-dimensional (3-D) inverse kinematic problems must be solved to obtain the muscle forces needed to reach a selected point in the 3-D space. Two-dimensional (2-D) inverse kinematic problems were studied in a simple neuro-mechanical transducer model that computes possible muscle forces and firing frequencies of flexor and extensor motoneuron pools during voluntary limb movements (Laczko et al., 2006) . This neuro-mechanical model was applied to study hind limb movement patterns in rats (Laczko et al., 2003) . Considering the technical approaches of human arm movement control, different systems have been developed using surface electrodes (Nathan, 1993; Saxena et al., 1995; Prochazka et al., 1997) , percutaneous electrodes (Peckham et al., 1988) , and implanted systems (Smith et al., 1987) .
A commercially available product, the FES Hand Grasp System, was introduced at the Cleveland FES Center (Cleveland, OH) and has been used for controlling the hand and fingers by stimulating muscles of the wrist, but only rarely the forearm (Hart et al., 1998) . Controlling the lower segments (wrist, fingers) of the arm is well studied and has been used to implement grasp and releasing tasks in handicapped individuals. There is too little information about FES control concerning the human upper limb segments. Evaluation of any remaining shoulder motion was used to control lower segments to restore grasping activities (Durfee et al., 1991) . A major issue is that there is an infinity of solutions for a given arm movement task, owing to the high number of degrees of freedom of the musculoskeletal system. An important question to consider is which solutions are chosen by human motor control. The participating muscles can work together in different ways. This concept is called muscle synergy and was studied generally (Bernstein, 1967) and in particular for arm movements (Latash, 1993; Prilutsky, 2000) . The effect of load on arm movement variances has recently been studied (Laczko & Keresztenyi, 2007) .
To get the whole arm moved by means of an artificial control is a rather complicated task partly because of the complexity of the shoulder mechanism and because of high variances of muscle activities. To define proper stimulation patterns, it is advantageous to model those flexor and extensor muscle groups planned to be stimulated in the shoulder and elbow. Therefore we aim to define control strategies and muscle stimulation patterns based on computed muscle forces.
Variances of hand positions and arm configurations are affected by neuromotor diseases such as stroke and Parkinson's disease (PD) (Levin, 1996; Keresztenyi et al., 2009) . It was found that both hand position variances and arm configuration variances were higher for PD patients than for healthy subjects. The increment of variance was observed between the healthy and patients for both hand position and arm configuration. The rate of increment was the same for both cases.
However, as far as we know, the effect of external load on motor variances at different levels (hand position, arm configuration, muscle activity) has not yet been compared.
The present study has two major objectives:
• To investigate whether muscle synergies are enhanced in goal-directed arm movements if the motor task is executed with a load in the hand as opposed to movements executed without load.
• To describe the model that establishes 3-D joint torques (in shoulder and elbow joints) and muscle forces required to execute a desired arm movement. Muscle activities are studied by (a) analyzing measured EMG data and (b) modeling muscle forces using kinematic data and inertial limb properties.
The most important aim is to investigate variances of hand positions, arm configurations, measured EMGs, and computed muscle forces. We asked the following specific question: How are the variances of arm movements affected if a load is held in the hand during the execution of the given motor task?
Methods
We investigated a daily executed reaching arm movement task performed by healthy subjects.
Subjects
Twenty healthy subjects (aged 21-27), 14 men and 6 women with no upper extremity complaints, voluntarily participated in the study at the National Institute for Medical Rehabilitation in Budapest (NIMR). All subjects signed an informed consent after being informed on the aims and procedures of the measurement. The Ethical Committee of the NIMR approved the procedures.
Instrumentation
Movements were investigated using an ultrasonic movement analyzer (uMA; Zebris CMS 70P, Zebris Medical GmbH, Isny, Germany). Eight ultrasonic markers ( Figure  1 ) and four bipolar surface EMG (sEMG) electrodes were used. Seven markers ( Figure 1) were placed on the subject and one, as a reference point, was placed on the object being moved. The 3-D coordinates of the markers and muscle activities were recorded simultaneously for four main arm muscles: biceps (BI), triceps (TR), deltoid anterior (DA), and deltoid posterior (DP).
The total sampling rate of the uMA is 200 Hz. The sampling rate of one marker is 25 Hz because the ultrasound sensor of the system senses the eight markers (Figure 1) serially. The sampling frequency of the Figure 1 -Placement of ultrasonic markers on the right hand of the subject. The u i vectors are segment vectors used for calculating intersegmental joint angles. Markers were placed on the following anatomical landmarks: 1: proximal clavicle; 2: acromioclavicular joint; 3: proximal humerus; 4: distal humerus; 5: distal ulna; 6: distal radius; 7: little finger proximal metacarpal. Marker 8 was placed on the object to be moved. sEMG was 1000 Hz. The different sampling rates were synchronized by the manufacturer. After the markers and the sEMG electrodes had been placed on the subject, the measurement was started and no learning phase was allowed.
The Measured Movement
The subject sat in front of a two-level computer desk. The difference between the heights of the two levels was 20 cm (70 cm and 90 cm above the floor). The upper level was approximately at shoulder level. The distance between the chair and the desk was given by the maximum stretch of the elbow so that the external angle of the elbow (the angle of the forearm with respect to the elongation of the upper arm) was required to be about 10-15°. The angular stretch was measured with a protractor.
The motor task was executed under two conditions corresponding to two objects with different masses: a light CD case (0.06 kg) and a load (2 kg). The actual object was placed on the lower level of the desk. In the starting position, the subject's arm was hanging alongside the body and the palm was facing backward, with the thumb pointing toward the body. This posture was chosen because hemiplegic patients hold their lower arm in that way and our 3-D arm movement model is planned for future use in tetraplegic and hemiplegic cases to define artificial stimulation patterns for arm muscles. The maintenance of such posture and related muscle synergies under different loads has already been studied experimentally (Buchanan et al., 1988) . Here, we predict muscle forces via a biomechanical model to provide simple artificial muscle activity patterns based on measured kinematics.
The particular movement was divided into three phases.
1. Uplifting phase: The subject was instructed to lift his or her arm from the initial position to reach and grasp the object on the lower level of the desk, and to uplift it and place it onto the upper level, and finally release the object and move the arm back to the initial hanging position. 2. Pause: In this second phase, the arm remained in the hanging position taking a short pause (2-5 s). 3. Putting down phase: In this third phase, the subject had to lift his or her arm to reach the object on the upper level of the desk, put it back down to the lower level, release the object, and move the arm back to the starting position again.
The entire task was repeated 10 times: 10 uplifting and 10 putting down trials have been recorded under each condition. Subjects had a 1 min pause between trial series under different conditions. In this study, the effect of fatigue was not investigated. The influence of fatigue was blocked by selecting the execution order of different objects randomly.
Data Processing
Kinematic Data Processing. In the first and the third phases of the task, the object was moved upward or downward. During these phases, 3-D coordinates of seven marked anatomical points of the arm, one additional marked point of the object (Figure 1) , and muscle activities of four arm muscles were recorded. Kinematic data were divided into two parts according to the measured uplifting and putting down phases. All kinematic data were linearly interpolated; time normalization was applied by the SPLINE built-in function of MATLAB to allow trial alignment within the same movement phases and object conditions. Three-dimensional intersegmental angles were computed in the shoulder, elbow, and wrist joints. The intersegmental angle in the elbow is the internal angle between the upper segment vector and lower segment vector (u1 and u3); in the shoulder, it is the angle between the clavicle vector and the upper segment vector (u2 and u1); in the wrist, it is the angle between the lower segment vector and hand vector (u3 and u4). The instantaneous arm configuration is represented by these three joint angles.
sEMG Data Processing. The EMG data were processed for both the uplifting and putting down phases considering all four muscles examined. First, sEMG data were filtered and then smoothed, as is commonly used in kinesiological electromyography (Erer, 2007; Horváth & Fazekas, 2003) . Frequencies below 50 Hz and above 450 Hz were cut off by the MATLAB builtin function (fourth-order Butterworth band-pass filter), and a root mean square (RMS) algorithm was applied to smooth filtered signals. For filtered and smoothed sEMG signals, the same time normalization was applied as in kinematics.
Simulation Methods
A 3-D arm movement model is presented. The model applies the same coordinate system used by the uMA. The x-axis is horizontal in the frontal plane directed outward from the body, the y-axis is horizontal in the sagittal plane directed forward, and the z-axis is perpendicular to the x-y plane directed upward. The input parameters of the model are 3-D coordinates of anatomical landmarks. The time courses of intersegmental joint angles were computed from these coordinates. Further input parameters of the model were arm segment masses, segment lengths estimated from the height, and body mass according to Zatsiorsky (2008) . Muscle forces were determined from muscle moment arms, angular accelerations, moment of inertias of arm segments, and gravitational torque.
If only one muscle is active at a time t, then the torque generated by this muscle in the spanned joint is computed as the difference between the total torque and the gravitational torque: Depending on the direction of the required torque, either the flexor or the extensor muscle group should be activated at each instant for an artificial control of the joint torque. Such virtual muscle forces were predicted for four arm muscles separately (BI, TR, DA, and DP) at every time step during the desired movement. The computational methods are described in detail in the appendix of this article.
Calculation of Variances. Time-normalized variances of 10 repetitively executed trials were calculated for two conditions: (1) without load (empty CD case) (2) with load (an object [O2] with mass = 2 kg) during uplifting and putting down. In both conditions, the variances of arm configurations, hand positions, muscle forces, and EMG activities were computed: (A) For the whole time interval of the uplifting and putting down (B) For the interval while the object was held in the hand (the holding) Hence, every trial was divided into the time intervals. The first part was the time from movement initiation to the instant when the hand reached the object. The second was the time interval in which the object was held in the hand (holding). The third part started when the subject released the object and ended when the arm returned to its initial position.
In Case (A), variances were computed from 10 trials at each percentage of total movement time. As a result, a variance vector was generated as a function of normalized time for all 20 subjects. These vectors were averaged across subjects and then assigned to the actual object condition during uplifting and putting down. This average variance was computed for endpoint and for arm configuration. Endpoint variances were computed as the sum of separately computed variances of the three coordinates of endpoint position. Combined joint variances (arm configuration variances) were obtained as the sum of separately computed joint angle variances. The variances of arm configurations are presented in Figure 2 .
In Case (B), first the time interval of holding was determined. We assumed that holding was started when the distance of the base of the little finger (Figure 1 , Marker 7) and the moved object (Marker 8) was smaller than a threshold. The threshold was assessed during the actual movement as the minimal distance between the two markers (Figure 1 , Markers 7 and 8) plus 25 mm to avoid any inaccuracy in measuring. Holding was considered to be finished when the distance was greater than the threshold after having detected the start of holding. Because the duration of detected holdings varied across trials, a time normalization of the holding was performed in each trial. Movement variances were computed during holding as functions of normalized time and were averaged across time. These values were computed for endpoint ( Figure  3 ), combined joint configuration (Figure 4) , sEMG of four arm muscles (BI, TR, DA, and DP) ( Figure 5 ), and for computed muscle forces of the four arm muscles (Figure 6 ) separately for each subject. These variances were computed for the uplifting and putting down phases for both object conditions.
We questioned whether the effect of load on variances is different in the endpoint and in arm configuration. For this reason, the mean variance across holding with load was divided by the mean variance across holding without load for endpoint and for arm configuration separately for each subject separately. If the ratio is smaller for endpoint than for arm configuration, then the central control tends to stabilize endpoint position rather than arm configuration while movements are executed with load in the hand.
Statistics. Variances of kinematic data, measured EMGs, and predicted muscle forces observed during the entire movement and during holding were analyzed by performing a two-way repeated-measures ANOVA (with p < .05 significance level). The effect of load conditions (CD, O2) were processed as within-group factors by using repeated-measures ANOVAs as executed for all investigated levels of control (endpoint, joint configuration, EMGs, predicted muscle forces). At muscle levels, the effect of the external load was analyzed for each muscle separately. Uplifting and putting down were investigated independently from each other.
Results
The results in (A) did not show significant difference between the two load conditions either in endpoint, F UP (1,19) = 0.073, p UP = 0.79, and F DOWN (1,19) conditions either in uplifting, F(1,19) = 1.62, p = .21, or in putting down, F(1,19) = 1.99, p = .17 (Figures 3 and 7) .
In arm configuration variances (Figures 4 and 7) , there was no significant difference between the two object conditions during uplifting, F(1,19) = 0.73, p = .4. In the putting down phase, the arm configuration variance is greater if movements are executed with load than without load and this difference is significant, F(1,19) = 8.11, p = .01. We conclude that the load has a smaller effect on arm configuration variability when the movement is executed against gravity.
In EMG variances during both uplifting ( Figures  5 and 7) and putting down significant differences were observed in BI, TR, DA, and DP (Table 1) .
In computed muscle force, variances for all muscles except DP (Figures 6 and 7 ), significant differences (Table  1) were observed between the two object conditions during either uplifting or putting down.
To compare the effect of load on different control levels in Case (B), ratios of variances were computed by dividing the mean variance of movements with load by the mean variance of movements without load for (1) endpoint, (2) arm configuration, (3) sEMG muscle activities, and (4) predicted muscle forces separately for each subject. Table 2 presents the mean ratios across subjects.
The ratio was higher for joint configuration variances than for endpoint variances for both uplifting and putting down (Table 2) . Endpoint variances during uplifting with load were smaller than without load (the ratio of endpoint variances was smaller than 1). For joint configurations, ratios remained less than 1 only in six subjects.
For sEMG variances and for simulated muscle force variances, ratios were much higher than 1 concerning all measured muscles. Hence, muscle activity variances in all muscles except DP in both directions were affected by the load at a higher rate than kinematic variances. These ratios are summarized in Table 2 . This shows that the effect of load on variances is the highest at muscle activity level (EMG and virtual muscle forces), smaller at joint configuration level, and it is the smallest at endpoint level. 
Discussion
The particular aim of this study was to investigate how the variances of arm movements are affected if a load is held in the hand. The variances were analyzed at different levels of the motor apparatus. The central neural control may take responsibility for smaller variances of the most relevant variables, that is, the endpoint trajectory and joint configuration at kinematic level while the required mechanical action was distributed between the muscles at the muscular level with higher variances.
The combined joint variances were averaged during the whole movement interval for all subjects separately. Statistical methods did not prove any significant difference between the two object conditions for these averaged variances. This may be because averaged variances remained high in the pre-and post-holding parts (when the subjects did not hold the object) and reached its top out at about 300 deg 2 and during holding only at about 100 deg 2 (Figure 2 ). This was true for uplifting and putting down, suggesting that movement performed with an object held in hand varied less than without an object.
We focus our investigation on the holding interval. The dependence of motor stability on load conditions can be revealed by analyzing variances in external workspace, in internal joint space, and in the space of muscle activation patterns. For instance, the effect of load was studied to discern muscle synergies while subjects shifted their body weight forward and backward (Krishnamoorthy et al., 2003) . Here, we deal with muscle synergies while subjects moved their whole arm upward and downward holding different loads.
Whether in simulated muscle force variances ( Figure  6 ) or in measured muscle activity variances (Figure 5 ), the larger mass of the object was associated with increased variances in both flexor and extensor activities. The mean variances are presented for both conditions for all levels of control (Figure 7) . The difference between variances of the two conditions is higher for muscle activities than for kinematic variances. The variances of EMGs are higher for flexors than for extensors both for elbow and shoulder muscles.
The shoulder extensor (DP) behaves differently than the other muscles. The variances of shoulder muscle forces are higher for extensor than for flexor in contrast to EMG variances. Note that only DP muscle force variances were not affected significantly by the load (Table  1) . The main action lines of muscle forces may alter and influence the muscle force variances. The access of DP activity highly depends on the muscle geometry (attachment sites) (Wickham & Brown, 1998) . The increment in muscle force variances for flexors is larger than for extensors when the mass of the object increased ( Table 2) .
As presented in Figures 3-6 , the standard deviations (SD) of the variances of kinematic variables and muscle activities were high, as compared to the mean values. We emphasize that the actual values of muscle activities were very different for different subjects. The individual motor activity patterns highly varied among subjects.
Our muscle force calculation model offers forces for generating the required joint torques assuming that only one muscle group is activated at any given instant (either the flexor or the extensor). For artificial control of joint rotations, this would be a possible solution even for 3-D arm movements since we computed muscle force vectors from 3-D joint angular accelerations and from 3-D muscle geometry. This was the motivation of the muscle force computation method proposed in the introduction as the second aim of this article, and this might be used to define muscle activity patterns for FES-assisted movements. Even if only one muscle group is activated, muscle geometry may ensure that a high increment in muscle activity variance is related to a smaller increment in joint and endpoint variances.
Additional muscles may be considered for generating neuromorphic muscle activity patterns. Note. F(1, 19) parameters of the performed ANOVA on sEMG and computed muscle forces in flexor and extensor muscles during uplifting and putting down. Bold values refer to significant differences between the variances of the two conditions at p < 0.05 significance level.
Measured sEMG variances also showed a higher range of increment for flexors than for extensors in the elbow, but the opposite was observed for shoulder muscles, while variances of shoulder flexor activity were exceptionally high.
Our main conclusion is that enhanced muscle synergies stabilize the movement at kinematic level by controlling mostly through the hand position and less by the combined joint rotations and not by individual muscle activities. Thus, peripheral patterns reflect central neural processes (joint or muscle synergies) rather than being separately controlled components of the action. Such findings have been suggested for grip force adjustment (Scholz & Latash, 1998) . Our finding supports the results that external conditions or practice of movements affect joint configuration variances and endpoint variances at a different rate. Practice helps to stabilize hand position by decreasing those variances of joint configurations that affect hand position while giving space to joint configurations that do not affect hand position (Domkin et al., 2002 (Domkin et al., , 2005 .
Here we compared the effect of load on kinematic variances, measured muscle activity variances, and on virtual muscle activity variances. Our results suggest that kinematic variability of the studied arm movement was "restricted" in such a way that enhanced joint synergies helped to stabilize hand position while a load was held in the hand.
Reasonable variances of endpoint positions and joint rotations reflect enhanced muscle synergies rather than being directly determined by individual muscle activity variances. Otherwise, high muscle activity variances would increase kinematic variances at the same rate.
We do not study the structure of joint configuration variance, as this was done for other arm movement tasks (Scholz & Schoner, 1999) where higher dimensional joint spaces were applied.
Our results are applicable in occupational biomechanics and in medical rehabilitation processes. These kinds of task-specific movements are frequent in industrial environment (Mathiassen et al., 2003) . Our research confirms that not only individual muscle performance but also the cooperation of muscle groups should also be trained and enhanced for stable movement execution.
Appendix
The magnitude of ␤( ) t was calculated as (2) where ␣( ) t is the intersegmental joint angle. The direction of ␤( ) t is perpendicular to the plane of rotation. The right side of this plane is defined by the cross product of the unit vector pointing from the joint to the direction of the distal limb segment and the unit vector pointing from the joint to the direction of the proximal one: if its scalar product with a particular vector is positive, then that vector is directed to the right of the plane. If ␣( ) t was decreasing (flexion) at a magnitude of ␤( ) t > 0 , then the angular acceleration vector points toward the left of the plane of rotation. In this case, the speed of the flexion is decreasing. During flexion at a magnitude of ␤( ) t < 0, the angular acceleration vector points toward the right of the plane, in this case the speed of the flexion is increasing. Note that flexion is associated with negative angular velocity and its speed is the absolute value of the angular velocity. If ␣( ) t was increasing (extension) at ␤( ) t < 0, then the acceleration vector points toward the right of rotation plane while during extension with ␤( ) t > 0 it points toward the left of that plane.
The value for R t m ( ) was determined from the coordinates of muscle attachment sites based on the study performed on cadavers by Veeger et al. (1997) . From these data we created a virtual subject with virtual body heights, segment lengths, and muscle attachments. Muscle attachments were assumed as points on the given arm segment. The location of the muscle attachment points of DA, DP, BI, and TR were determined by ratios of the distance of the muscle attachment from the nearest anatomical landmark on the given arm segment and the length of that segment. This study contains exact data about muscle attachment coordinates on scapula, humerus, radius, and ulna. Using the ratios derived from our virtual subject, we computed muscle attachment coordinates of real subjects considering their actual segment lengths. Since the study of Veeger has not provided information on clavicle length, we composed a mean clavicle length of our 20 measured subjects to (1) build it into the virtual subject and (2) to obtain DA, DP origin on the clavicle close to the acromioclavicular joint.
The moment arm calculation in the shoulder extensor is presented in Figure 8a . A muscle is given by its attachment sites in two segments and a given "via point." Muscle geometry is provided as two lines that originate on (5) where ⌰ cm is the moment of inertia about the center of mass, M is the mass of the segment, and d is the distance between the axis through the center of mass and the parallel axis through the rotation center.
Arm segments were considered as uniform cylinders with different thickness. The moment of inertia about the center of mass of a rotated segment is (6) where r is the radius and L is the length of the segment.
The moment of inertia around the end of a rotated segment is (7) The object in the hand was considered as a solid cylinder (a disc), and its moment of inertia is (8) 
M r
where M object is the mass of the object and r object is the distance of its center of mass from the rotation center. Thus, the moment of inertia of the rotated arm around the shoulder if the object is not in the hand is (9) where (U), (L), and (H) refer to the upper arm, lower arm, and the hand, respectively; A t ( )is the distance between the rotation axis of the shoulder and the center of mass of the lower arm; and B t ( ) is the distance between the rotational axis of the shoulder and the center of mass of the hand (Figure 8b) . If the object is in the hand then the moment of inertia is calculated as the sum of (8) and (9).
Moment of inertia around the elbow joint when the load is not held:
When the load is in the hand, then E ⌰ ( ) t is calculated as the sum of Equations (8) and (10). The term C(t) is the distance between the rotation axis of the elbow and the center of mass of the hand. Gravitational torque T t g ( ) was calculated as follows: (11) where M is the mass of the rotated body part and R t g ( ) is the gravitational moment arm.
The equations presented in the appendix give all that is needed to compute the required joint torque and muscle force according to Equation (1) in every time step during the desired movement. 
